Abstract. This research was conducted to develop an image processing algorithm to identify and
Introduction
Competitive farmers strive to increase crop yields while minimizing costs. With the advent of mechanization of agriculture and a trend towards larger equipments, farmers were able to cultivate very large areas but many continued to treat their larger fields as a single management unit thus ignoring different variability found within a specific field.
In 2001, over 278 million boxes of citrus were produced in Florida, accounting for 76 percent of all citrus produced in the U. S. and a total of 336,872 ha was harvested (Florida Department of Agriculture and Consumer Services, 2002) .
To a citrus grower who deals with thousands of trees in many blocks, site-specific management or precision agriculture provides ability to apply technology and to manage inputs as close as required within a given area. This management of field variability could improve fruit yield, quality, and income and limit negative impacts on the sensitive environments. Among precision technologies, yield mapping is the first step to develop a site-specific crop management. Yield with other associated field characteristics would tremendously help growers more intimately know their groves and evaluate the entire citrus grove graphically and thus prepare them to make important and efficient decisions.
Although citrus growers usually manage their groves on a whole grove or block basis with uniform production inputs, site-specific factors such as soil type, soil fertility, tree health, pest populations, and water requirements are required for efficient management decisions. Accurate yield maps are essential for determining profits/losses in site-specific management and for determining whether changes in cultural practice inputs improve profits.
Currently, the Goat (GeoFocus, LLC, Gainesville, FL) system is the only available citrus yield mapping system. In this system, the Goat truck operator is required to push a button to record the location of a tub which is often forgotten and becomes a major source of error. Yield information is available only after the fruits are harvested and this system gathers yield data from multiple trees rather than from each individual tree.
The overall goal of this research is to develop a real-time yield mapping system using machine vision and to provide yield of a grove on-the-go when mounted on a truck and driven in-between the rows. The system will identify citrus fruits from images using color information in real-time. The system will estimate citrus yield for a single tree while citrus yields are currently determined based on the whole block or grove. Eventually, the yield mapping system will be calibrated and tested in a commercial citrus grove.
The specific objective of this paper is to develop an algorithm that will detect citrus fruits in an image and provide total number of fruits in the image. Once this module is completed, this will be incorporated into a machine vision system along with a GPS receiver and a distance measuring device for taking consecutive non-overlapping images of a grove and thus the system could create estimated yield map of a citrus grove.
Background
Numerous yield monitoring and yield mapping systems have been widely researched and commercialized for various crops over the last one-half decades. Yield mapping during grain harvesting (Schueller and Bae, 1987; Searcy, et al., 1989) has been extensively studied and adopted. Examples of yield mapping for other crops include cotton (Wilkerson, et al., 1994) , potatoes (Campbell, et al., 1994) tomatoes (Pelletier and Upadhyaya, 1999) , and silage (Lee, et al., 2002) .
In spite of the widespread economic importance of automatic harvesting, and many other concurrent research projects, currently the Goat system is only one commercial yield mapping system for citrus fruits. However, the economic value of citrus industry in Florida makes precision farming a viable technology for enormous development.
Citrus yield monitoring systems have been under development for several years. The first yield monitor for citrus was developed by Whitney et al. (1998 and and Schueller et al. (1999) . In the Goat yield mapping system, yield is measured by mapping the location of a tub as it is picked by the Goat truck. The unit consists of a data logger that records a container location (latitude, longitude, and time) whenever the operator pushes a button for recording. It was noted that this system sometimes produced incorrect maps due to the fact that sometimes the truck driver failed to record the location of the tub because of the rush in harvest or other factors.
To avoid the previously encountered problem, an automatic triggering system (Salehi et al., 2000) was developed to record the location of the tub. The system consisted of a Geo-Focus yield monitor, a DGPS receiver, two pressure switches, a position switch, and two timers. The pressure switches were used to detect load on the main boom lift cylinder and on the dump cylinder. The position switch determined whether the tipping head was located over the truck bulk pin. Only when all the three conditions were met, the system identified that the truck was picking a tub for collecting the fruit and the data gathering circuit was activated for a given time using the timer and relay circuit for collecting the DGPS data. However, the automatic triggering system didn't record some tub locations which could be attributed to the problems related with the delay timer, pressure switch settings, and hardware connections.
Recognizing citrus fruits on a tree is the first major task of a yield mapping system using a machine vision system. Citrus fruits are distributed in a strip about one meter deep within the canopy, in a completely unstructured environment. Detecting the citrus fruits in the grove involves many complex operations. Automatic visual identification of fruits is further complicated by variation in lighting condition from bright sunlight on the outer parts of the canopy to deep shadow within the canopy. Citrus fruits often grow in clusters and also some of the fruits are occluded by branches and foliage.
Some of the earlier studies regarding fruit recognition were conducted for apple, citrus and tomatoes. Parrish and Goskel (1977) used a standard black-and-white camera, to acquire apple images, and pattern recognition method to guide the fruit harvesting robot. On the other hand, Slaughter and Harrell (1989) used a color camera to exploit high contrasting colors of orange to implement a color image processing algorithm to distinguish orange from an image. Whittaker et al. (1987) used a shape of the fruit rather than the color information to detect tomatoes. This method could be used even in the presence of interferences caused by bright reflection and when fruits were present inside the shade. They used Hough circular transform to locate fruits or part of fruits in the image. Before applying Hough transform, the image was passed through a sobel gradient operator, which calculated the gradient magnitude and direction at each pixel point. Using this method, partially occluded fruits could also be detected. Harrell (1987 and involved in the development of a robotic fruit harvesting system and presented two approaches for detecting the fruit in an image based on color information. In the first approach (Slaughter and Harrell, 1987) , the hue and saturation components of each pixel were used as features to segment an image by applying a traditional classification in a bi-dimensional feature space. The segmentation was carried out using a maximum and minimum threshold for each feature. Since color segmentation required some form of illumination control, they used an artificial lighting system. In the second approach (Slaughter and Harrell, 1989 ), a classification model was developed for discriminating oranges from the natural background of an orange grove using only color information. A Bayesian classifier was used in the RGB color space and fruits were segmented out from the background by checking whether they belonged to the fruit class or not. A look up table was created for various classes with the Bayesian classification technique.
The majority of these works used CCD cameras to capture images and to use local or shape based analysis to detect fruit. Systems based on local analysis such as intensity or color pixel classification allowed for rapid detection and were able to detect fruits at a specific maturity stage i.e., fruits with a color different from the background. However, systems based on shape analysis were independent of color, but their algorithm was more time consuming.
Materials & Methods
Segmentation is an image-processing step used to separate objects of interest from background. In this paper, the object of interest was a citrus fruit and the background included citrus leaves and branches. The selection of threshold for identifying citrus fruits was made using hue-saturation color plane.
Image Acquisition
For developing the citrus fruit recognition and yield estimation algorithm, images were taken in stationary mode using a digital camera (Model S100, Canon) with 640 x 480 pixels. The variety of citrus fruit tested in the study was Orlando tangelo. A total of 90 images were taken during the end of the citrus harvesting season in a time span of one week in February 2003. The grove was located in an experimental citrus grove in the University of Florida, Gainesville, Florida. The fruit scenes were randomly selected from the citrus grove and images were taken in the natural daylight lighting condition. Images were classified into two categories based on the focal distance and the number of fruits in an image. Close-view category included images containing 2 or 3 citrus fruits located at the center of the image. Normal-view category included images containing more than 8 or 10 fruits and was a perfect example of a normal scene citrus grove. Images were processed on a windows based system with a 750 MHz Pentium processor.
Development of Fruit Counting Algorithm
Color characteristics of the images were analyzed in RGB (red, green and blue) and HSI (hue, saturation, and intensity) color space. Images were divided randomly into calibration and validation data sets, Table 1 . The RGB and HSI values of each pixel were obtained using a program written in VC++ (Microsoft Corporation, Redmond) with the Matrox Imaging Library (Matrox Imaging, Quebec, Canada) for three different classes: C (citrus fruits), L (leaf), and K (background). The pixel values were stored in separate text files for different classes and processed using Microsoft EXCEL (Microsoft Corporation, Redmond). Pixels in the three classes C, L and K were chosen manually by inspecting from the images in the calibration set. Pixel distribution graphs were plotted for various combinations in the RGB and HSI color space. Binarization was carried out in the color plane containing a clear distinction between the fruits and background, resulting in white pixels representing the fruit and black pixel for all other classes.
Due to the dissimilarity in illumination among the image in the Normal-view category and the presence of some dead leaves, certain pixels were falsely classified as fruits. Applying a set of erosion and dilation with an appropriate kernel size eliminated most of these false detections. In some of the fruits detected, a few pixels mostly at the center of the fruits were classified as background due to very high illumination. Applying a combination of dilation and erosion with a suitable kernel size was able to fill these gaps. The kernel sizes for removing the noise and filling the gaps were found out by applying kernels of various sizes and of various order over the calibration images. From this trial, the order of the erosion and dilation and the optimum kernel size was selected for the algorithm. These image-processing steps are shown in Figure 1 . 
Performance and Comparison
In order to test the performance of the algorithm, out of the 59 validation images, 20 images from Normal-view were shown to 8 observers and the average number of fruits counted by them was taken as a reference for manual counting. This arrangement was made for the manual counting because there were variations in the total number of fruits perceived by different human being. The observers were from different discipline, five of them were master students, two were Ph.D. students and one was a postdoctoral research associate. Percentage error was calculated using the following formula.
Error (%) = (mv -mc) / mc * 100
where mv = number of fruits counted by the machine vision algorithm mc = average number of fruits counted by manual counting
Image Processing Time
Processing time is a major concern in a real-time machine vision application. Each execution time was averaged from 10 executions. A 750 MHz Pentium processor was used to process an image and the processing time of each image-processing step was measured using the computer clock. 
Results and Discussion

Binarization
By gathering RGB components of the various classes namely fruit, leaf and background, it was found that there existed a clear line of separation between the fruits and the background in huesaturation color space, Figure 2 . The histogram of hue and saturation for the different classes are shown in Figure 3 . Pixel distribution for 3 classes of 31 calibration images in hue and saturation plane is shown in Table 2 . Ninety-Six percent pixels of citrus class in the calibration set were outside the two thresholds lines (Table 2) . Hence the algorithm classified a pixel as citrus fruit if it fell outside the two thresholds; otherwise it was classified as a background class. An example of image processing steps for a typical citrus grove image is shown in Figure 4 . This image was used for discussion purposes throughout this paper. Figure 4a shows a sample color image of the Normal-view category. Fruits were extracted by applying binarization on the sample color image in hue-saturation color plane. The binarized image is shown in Figure 4b . 
Preprocessing
The binarized images were found to contain much noise that was mainly due to the little overlap of leaves with the citrus class in the hue-saturation color plane. By applying erosion and dilation with a kernel of 5x5 pixels, these noise were removed from the images. The resulting image after removing noise is shown in Figure 4c . In the above processed image, there were some cases in which a single fruit occluded by small leaves were counted as more than one fruit. To overcome this problem, a set of dilation and erosion with a kernel size of 9x9 pixels was applied to the images, resulting in the final processed image as shown in Figure 4d . These images could be used to count the number of citrus fruits by the algorithm.
Recognition and Performance of the Algorithm
Citrus fruits were identified using blob analysis and in this method, connected fruit pixels were treated as a single blob and the total number of blobs gave us the number of fruits in the image. Various features such as perimeter, area, horizontal width and vertical height of citrus fruit was calculated for each blob and stored separately in a text file.
The algorithm was applied to a validation set of 59 images and the results for 20 images of Normal-view category are shown in Table 3 . The percentage error was as low as less than 1.01% in the image no.18 and as high as 78.51% in the image no.7. The main reason for this high error was due to the fact that there were many fruits on the ground that were very small and not clear to the human eye, while the algorithm was able to detect them and counted all of them as fruits. It should be noted that there was some over estimation as well as under estimation by the algorithm. The main reasons for over estimation were: (a) when a single fruit was hidden by many leaves and the separation between the small blobs was more than 81 (9x9) pixels, they were counted as different fruits, (b) small fruits less than 100 pixels 2 were not clearly visible in manual counting, and (c) in some images there were many fruits hidden in dark background.
Reasons for under estimation were that in some cases many fruits were counted as single fruit in the estimation by the machine vision algorithm due to connectivity. This underestimation problem could be solved once a separation algorithm such as Watershed method is developed. The images will be further processed through the watershed algorithm. Table 4 shows the average execution time for each image-processing step. At the time of this publication, binarization was carried out using software that consisted of checking hue and saturation gray levels of each pixel value with the threshold and classifying accordingly. The execution time for binarization could be reduced considerably if it was carried out in a hardware. The time for initialization was also measured and it was 797ms. The total time for processing an image was 283 ms. During the field-testing the processing time will be a little more than this result because it does not include the processing time for image acquisition. 
Execution time for the algorithm
Summary and Conclusion
The fruit counting algorithm developed in this paper verified the feasibility of developing a realtime machine vision system to estimate citrus yield of a grove on-the-go. The algorithm consisted of image acquisition, binarization of color image in hue-sat color plane, preprocessing to remove noise and to fill gaps and finally counting the number of fruits. Pixel values for three classes (citrus, leaf, and background) was manually taken from 31 calibration images and used for binarizing the color image in hue & saturation color plane to separate the citrus fruits from the background. It was found out that the fruit, leaf and background portion of the citrus grove scene was clearly classified using thresholds in hue-sat color plane.
A combination of erosion and dilation was applied over the binarized image to remove noise and to enhance the image for proper identification of the citrus fruits. Blob analysis was used to identify the citrus fruits and the total number of blobs gave the number of citrus fruits in an image. The total time for processing an image was 283 ms. The algorithm was tested on 59 validation images and the R 2 value between the number of fruits counted by the machine vision algorithm and the average number of fruits counted by manual counting was 0.76.
The slight variation in the number of fruits correctly classified was partially due to clusters of citrus fruits, uneven lightning and occlusion. Further research has to be conducted to improve the imaging of natural outdoor scenes with wide variation in illumination and to develop methods to determine occluded fruits and fruit clusters in order to identify all the fruits correctly.
